This paper evaluates the forecasting ability of alternative product growth models for telecommunication services in Turkey. The variable exponential growth model better explains the diffusion process of fixed line services, suggesting that S-shaped models are not able to model the period of the maturity stage. However, the Gompertz model is superior in explaining the diffusion process of mobile line services. Results suggest that forecasting ability of growth curves depends on the differences in characteristics and the competitive structures of the markets.
INTRODUCTION
The diffusion process of telecommunications attracts considerable attention among policy makers, managers and scholars-especially in marketing and economics. One reason is that telecommunication networks are essential elements of techno-social infrastructure for all sorts of economic, social and personal interactions; further, they are considered as important drivers of economic growth and development (Röller and Waverman, 2001) . Along with their widespread influence on society, the share of telecommunications in overall economic activity is also increasing rapidly. The recent emergence of new services such as mobile telephony and the internet are transforming not only telecommunication services but almost all economic and social activities in many aspects.
Understanding the diffusion process of new technologies is crucial to strategic planning of economic and social infrastructure. The high dependence of societies on modern telecommunication services makes forecasting for future capacity and infrastructure planning imperative, given the involved ambiguities, time-lag for capacity expansion, and shortening life-cycles. Furthermore, determining main factors of market growth are expected to provide important information for firms and policy makers.
Traditionally, diffusion models have been used in telecommunications for forecasting the demand of a new product, to measure the product lifecycle dynamics, and as a decision tool to make strategic marketing choices (Meade and Islam, 2006; Fildes and Kumar, 2002) . Although no consensus exists that agrees upon the best forecasting ability of the various diffusion models, Gruber and Verboven (2001) ; Rouvinen (2006) ; Sundqvist, Frank and Puumalainen (2006); and Wu and Chu (2010) suggest that applying an S-shaped diffusion model is the first step to analyze diffusion of telecommunication services. S-shaped (sigmoid) models are based on an assumption that the adoption of a new product in a population is based on the delayed spread of information about new technology; further, the rate of adoption increases through the provision of information. The process of diffusion within the S-shaped curve analogy depicts different stages of product life cycle (Golder and Tellis, 2004) . The diffusion starts with an initial slow rise (introduction stage), which then accelerates when customers widely adopt the product or service (take-off stage). This process then increases steadily after it reaches an inflection point onto the saturation level (maturity stage).
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Mehmet KARAÇUKA 1 , A.Nazif ÇATIK The reason why S-shaped models are used widely in the empirical literature is based on the idea that a limited number of innovators in the population adopt the new technology and then the product gets popularity among the imitators by time, such as resembling a spread of epidemic (Meade and Islam, 2006) . Based on this legitimate reason, a sigmoid function is usually employed as a first step to estimate the effects of various factors on telecommunications demand and user base. Dekimpe, Parker, and Sarvary (1998) find that social system size and adoption ceiling are the most critical factors in the diffusion process of mobile telecommunications, based on Bass model that covers a sample of 184 countries between 1979 and 1992. Gruber and Verboven (2001) use logistic curve to analyze diffusion of mobile telephony in European Union and find that technological progress dominates market structure between 1984 and 1997. Sundqvist et al. (2005) in another cross-section study using Bass model find that income and geographical proximity to the innovation centre have positive effects in telecommunications between 1981 and 2000. Rouvinen (2006) finds that diffusion speed of telecommunications is not significantly different between developed and developing countries based on an analysis that covers 200 countries between 1992 and 2000. In single country studies, Frank (2004) finds that network coverage is the most influential factor in the diffusion of mobile phones in Finland, based on logistic diffusion function estimation between 1981 and 1998. Lee and Cho (2007) find that income growth was the most significant factor in Korea between 1984 and 2002 . This study, comparing ARIMA and logistic models concludes that logistic model fits the data better than ARIMA models. Meade and Islam (2001) compare 17 growth models based on time series and find that models that use fewer variables such as Logistic, Gompertz and Bass models provide better estimates and more forecast accuracy.
Other studies comparing the best fit models include Wu and Chu (2010) for Taiwan; Botelho and Pinto (2004) for Portugal; Michalakelis et al. (2008) for Greece; and Gamboa and Otero (2009) for Colombia. Botelho and Pinto (2004) find that diffusion is S-shaped and is consistent with a logistic function for Portugal. Their results imply that the rate of diffusion is closer to symmetric, and expected saturation level is 95% penetration rate in Portuegese mobile telecommunications market. Gamboa and Otero (2009) Wu and Chu (2010) that finds different models may be superior in different stages of product life cycles, and the best fitting models may be inferior in forecasting, as argued by Meade and Islam (1998) . Wu and Chu (2010) find that the Gompertz model outperforms the other models before diffusion take-off, and the Logistic model is superior after inflection and over the aggregate range of the diffusion. They find that saturation levels vary between 104.8 and 105.5
Telecommunication markets in Turkey provide an interesting case for the comparison of various diffusion models. Fixed line services in Turkey suffered a lack of necessary investments for decades, which resulted in low innovation due to the presence of a state monopoly (Turk Telekom) until 2005. For a long time, telecommunications services had been regarded as luxury consumption in Turkey and in 1950 number of subscribers were only 58 thousand, which corresponds to a penetration rate around 0.3 %, due to the lack of necessary infrastructure. Even in 1980 the number of subscribers was barely above 1 million and penetration rate was only 2.45 %. After 1980's,the change in economic policy also increased infrastructural investment and the number of subscribers reached about 7 million in 1990, and 18.4 million in 2000, with penetration rates of 14.5 % and 27.1 % in respective years. This increasing trend slowed down after the year 2000, due to mobile telephony substitution, and maximum level of subscribers was observed as 19.1 million in 2004 with a penetration rate around 27 %. Since then, the number of subscribers has been continuously decreasing. At the end of year 2011, total number of subcribers for fixed line services was 15.2 million and penetration rate was 20.6 % (ICTA, 2012).
Unlike fixed line, the diffusion of mobile telecommunications started rather quickly. In 1994 when the second generation mobile services became available, number of subscribers was 82 thousand at the end of that year and increased to 15 million by the end of 2000, corresponding to a penetration rate of 22.1 %. The number of subscribers and penetration rates increased until the year 2007 in which number portability has been implemented. At present, the number of adopters of mobile telecommunications has started increasing, whereas the cumulative subscribers in fixed line services have been declining. In this study, as an alternative to conventional diffusion models, we consider the decline in fixed line telecommunications and employ the variable exponential growth model. This model has more flexible assumptions (Su and Han, 1998) , and able to track a decline in the diffusion process.
The aim of this study is to compare the forecasting ability of diffusion models for telecommunication services that are on different life-cycle spans and in different market structures. The results suggest that forecasting ability of diffusion models differ across market structures and the stage of diffusion process. To our best knowledge, this study is the first that aims to empirically analyze the diffusion process of telecommunications and to evaluate the forecasting power of diffusion models for Turkey.
The remainder of this paper is organized as follows: the next section gives an overview of the most widely used S-shaped diffusion curves and the variable exponential growth model, empirical results are presented in section 3, and finally, conclusions are found in the last section.
OVERVIEW OF DIFFUSION MODELS
The cumulative spread of an innovation or product across markets is usually defined by a sigmoid or an S-shaped growth pattern (Geroski, 2000) . The reason behind a sigmoid pattern is that not all consumers adopt a new product immediately; hence, their perceptions of the net utility of consumption differ due to the characteristics of both the product and individuals. Therefore, diffusion starts slowly and grows exponentially till the peak level where the market is also saturated.
Using diffusion models to explain the S-shaped nature of a new product's diffusion curve have been common in the literature over a long period. The central question of these models pertains to which factors determine the diffusion speed of a new product of which potential adopters' decisions occur with a delay, yet they exhibit a successive increase of the adopters over a time. The main drivers of diffusion can be categorized as internal, external and mixed influence factors (Bass, Krishnan and Jain, 1994) . The internal influence can be described as a result of interaction within a social system wherein individuals affect decisions of one another. External influence, on the other hand, represents factors independent from social relations which provide necessary information (mass media) or promote a product. Mixed factors are combination of both. Several theories have been developed to model diffusion patterns of a new product that depict successive increases in the number of the adopters within given sets of prospective adopters. Among others, the Bass, Gompertz and Logistic are the most widely used models to predict the future trend of a new technology.
The Bass model (Bass, 1969) , which is a pioneer formulation of the diffusion of a new product is based on mixed-influence factors that affect the cumulative number of adoptions of a new technology at time (t), starts with a population of m potential adopters:
For each potential adopter, the time to adoption is a random variable with a distribution F(t) and density f (t), such that the hazard rate depicts the conditional probability of a purchase in a time interval ( , ) t t + ∆ if the purchase has not occurred before t ( Chandrasekaran and Tellis, 2007) :
where parameters p and q represent the coefficient of innovation (external factors) and imitation (internal factors such as interpersonal channels of information), respectively.
Assuming that F (t) is differentiable (2) is equivalent to
when the sales and the cumulative sales of the new product are denoted by S(t) and Y(t), respectively, the number of sales at time t can be can be derived from (1) and (2) as follows:
and from (2) and (3) a Bass model is expressed as the following (5) differential equation
Hence, the cumulative sales (6) can be expressed as follows: 
Epidemic diffusion models that rely solely on internal factors in the diffusion process are also common in the literature. Following the seminal paper of Grichelles (1957) , which modeled the diffusion of hybrid corn in the United States; these models have been used in many studies (Mansfield 1961; Chow, 1967) which confirms the validity of this approach in various sectors. Gruber (2005, 149) also argues that these models fit the diffusion path of many innovations, including mobile telecommunications, given the impact of network effects.
One diffusion model is the logistic function, which assumes the contagion hypothesis such that diffusion occurs only through social interactions. Lekvall and Wahlbin (1973, 182 ) describe the logistic model based on the assumption that the diffusion rate at a given point is proportional to the remaining distance to some determined saturation level as well as to the instantaneously attained diffusion level. The logistic function is formulated as follows ( Mahajan and Peterson 1985, 15) :
where F(t) and m has the previous meanings, and the parameter a and b define the location of the diffusion curve and diffusion speed respectively. The solution of this first-order differential equation is (8) yields the following function:
The Gompertz model is another epidemic model. It also takes only internal factors into account for the diffusion process. The Gompertz curve-which also has an S-shape pattern-can be expressed as:
. 
The main difference between the logistic curve and the Gompertz curve can be attributed to their respective inflection points. The Gompertz curve reaches the maximum rate of growth when total number of adopters is about 37 % and is asymmetric to the inflection point. However, the maximum rate is reached by the logistics curve when the total number is 50% of the potential market and symmetric to its inflection point.
S-shaped diffusion models depict the diffusion process of a product between the introduction and saturation stages. However, fixed line service in Turkey has reached the saturation level and started to steadily decline. To address declining part of the diffusion curve we employ the variable exponential model, proposed by Su and Han (1998) , which defines exponential growth of adopters of a product by a polynomial of degree n-l: Su and Han (1998) argue that this model is more convincing than the logistic model because it provides a better fit by relaxing explicit assumptions on symmetry and inflection points. In this formulation the parameter b, continuous growth rate, is not a constant in contrast to logistic growth model but a variable expressed by a polynomial of degree n-2. The variable exponent may get larger or smaller, and even become a negative number as the time dimension increases.
3.ESTIMATION METHOD AND EMPIRICAL RESULTS
Estimation Method
To estimate saturation levels and growth rates in the diffusion process of telecommunication services, we use annual subscriber base data in Turkey between 1950 and 2009 for fixed line services and monthly data between January 1995 and December 2007 for mobile line services. The selected period is based on the availability of the data, of which monthly statistics of mobile subscriber base was not available to us after 2007. The data set is collected from an OECD database and the Telecommunications Authority (TA) of Turkey.
The empirical models to be estimated for each service can be expressed in nonlinear forms after adding disturbance terms to equations (6), (8), (9) and (10) such that:
In equation (11), (X t ) represents the cumulative number of subscribers for fixed and mobile separately. is the nonlinear cumulative distribution function subject to the estimation,
is a k-dimensional vector of parameters to be estimated, and t ε denotes the error term.
The common approaches to estimate the parameters of diffusion models are the nonlinear least squares (NLS) and maximum likelihood (ML) methods (Meade and Islam, 2006) . Srinivasan and Mason (1986) find that ML underestimates the standard errors of the estimated parameters and suggests that the NLS approach is more appropriate for diffusion models in which cumulative adoption can be expressed as an explicit function of time. This argument is also supported by Jain and Rao (1990) ; however, Van den Bulte and Lilien (1997) indicate a downward bias in estimated saturation levels with too small of a sample size. Because we have an adequate number of observations given the previous studies, NLS method is used in the estimation of diffusion models. 
Empirical Results
The study takes three steps in its estimation strategy. First, to find out which model gives the best fit to our data, the study estimates growth models using the full sample range. Second, the models are re-estimated using samples 1950-2006 for the fixed line and 1986-2006 for the mobile line services, and the rest of the data is reserved to evaluate out-of sample forecasting performances. Finally, after determining the models with the highest forecasting accuracy, we use those models to forecast the future values of subscribers.
The results for the estimated parameters of different diffusion models for fixed and mobile line subscriptions are presented in Tables 1 and 2 . To evaluate the forecasting accuracy of the models, Mean Absolute Error (MAE) and Root-Mean Squared Error (RMSE) are calculated as follows:
Tables 3 and 4 report the RMSE and MAE values used to evaluate the diffusion models in terms of insample fit and out-of-sample forecasting accuracy for the fixed and mobile lines.
According to the Bass, Gompertz, Logistic and variable exponential growth models, the estimated saturation levels for fixed line subscriptions are found as 20. 82, 21.04, 19.76 and 19 .32 million, respectively. The coefficient of innovation (p) in the Bass model, which describes the effects of external factors that are outside of interpersonal relations, has a very small value for the fixed lines. On the other hand, the internal effects (q) seem to dominate the diffusion process both in fixed and mobile lines, which is an indicator of strong network effects.
The variable exponential growth model predicts the saturation level more accurately as it provides a closer upper bound value to the actual data, which reached a saturation level of 19.125 millions in 2004. The variable exponential growth model also exhibits the best in-sample and out-of-sample forecasting accuracy for the fixed line (see Table 3 and Figure 1 ). This may not be surprising because this model, unlike the conventional S-shaped models, ably covers the diffusion process after the saturation stage where the number of adopters starts to decline. However, this result remains the same when the models are estimated with the sample up to the saturation level.
The estimated saturation levels for mobile services differ across the models. The Bass model estimates the saturation level as 109.9 million; the coefficient of (m) is lowest with 101.6 million for the logistic model and highest for the Gompertz model with a value of 113.1 million. In terms of population in 2007, the saturation point of penetration rates for mobile lines correspond to around 144 % for the Bass, 185 % for the Gompertz and 156 % for the Logistic models. One can compare these levels with the average penetration rate of 106 % of the European Union, wherein the highest rates are seen in Luxembourg (155 %), Lithuania (139 %) and Italy (134 %) in 2006 (EUROSTAT; 2012) . These values show that multihoming (some consumers get more than one line) is a common observation in mobile telecommunication markets and there is a wide gap in Turkey for the networks to increase their subscriber bases.
As Table 1 reports, the coefficient of (p) in the Bass model for the mobile line is considerably higher than that of the fixed line, indicating that external factors play a bigger role in mobile line services. In other words, the Bass model, including the external factors, improves the fit of the logistic function for the mobile services in Turkey. When different models are compared in Table 3 , the Gompertz model gives the minimum RMSE and MAE values for in-sample and out-of-sample forecasts in the mobile lines. Although all the models employed for the estimation and forecasting have similar patterns, the underlying dynamics of the Gompertz model requires further analysis, as this model better corresponds to the actual data. First of all, the Gompertz curve by formulation, as described above, is asymmetrical around the inflection point, whereas the Logistic model is symmetrical. The difference between the inflection points of different curves implies that the Gompertz model allows more growth opportunity (63 %) after the inflection point, whereas this opportunity is smaller (50 %) for the Logistic model. Another implication of the symmetry assumption of the Logistic model is that the diffusion remains a function of users and non-users after the inflection point, whereas the Gompertz model describes the diffusion as a function of non-users (Wu and Chu, 2009 ).
To provide a better insight on the in-sample fit of the growth models under the different stages of diffusion process, residuals of the estimates are reported in Figures 3 and 4 for the fixed and mobile lines, respectively. For both fixed and mobile lines, the variable exponential growth model gives the best fitted values in the introduction stages of the products till the take-off stage. However, between the take-off and maturity stages , the logistic model outperforms the others in the fixed line services. For the mobile line services, the take-off stage starts in 2000, and the Bass model gives better fitted values until 2004, which is the period of the increased competition due to the entrance of two new firms into the market. The Gompertz model is superior after 2004. The better fitted models in different stages and services suggest that the growth was driven by internal factors in fixed line whereas the external factors have played an important role in mobile lines.
After determining the models with the best outof-sample forecasting performance as variable exponential growth and Gompertz models for fixed and mobile lines respectively, those models are used to forecast the future values. The forecasted values of the fixed line in Figure 5 show that the number of fixed line subscribers will decrease gradually and will be around 12.770 million by 2015. Forecasts for the mobile line indicate that the mobile markets will continue to grow, although in a decreasing rate, suggesting that the number of subscribers for mobile line services by the year 2012 will rise to 92.2 million (see Figure 6 ).
CONCLUSION
This study analyzes the diffusion process of fixed and mobile lines using subscriber data in Turkey with different growth curves. The results show that these services have different growth patterns that are explainable by different diffusion curves.
For fixed line services, where the saturation level was reached during the estimation period, the variable exponential growth curve fits better in to the diffusion process. One reason for the failing of conventional S-shaped models is that by their formulation, they are not able to model periods where the number of adopters starts to decline. However, the variable exponential growth curve also fits and forecasts better when the product achieves the maturity stage. On the other hand, for mobile lines, the Gompertz model has better explanatory power. As expected, models with the best in-sample fit give also the best out-of-sample forecasting performances. The future forecasted values obtained from those models predict that the trend will be decreasing for the fixed line, whereas increasing for the mobile services.
The explanatory powers of models differ with characteristics of the markets and the life-cycle spans of a product. The logistic model better explains the take-off stage of fixed line services, whereas the variable exponential growth model is superior for the period of maturation and decline. However, the Bass model outperforms the others in mobile lines for the beginning of take-off stage (2000-2004 period) when two new firms entered the market. The main characteristic of the market in this period is the increased competition that forced the firms to rely more on mass media and promotions. This stage ended in 2004 when two firms bankrupted and exited the market.
In this study we find that internal effects dominates the diffusion process both in fixed and mobile lines, which is an indicator of strong network effects. Strong network effects in telecommunication technologies impose policy makers and managers some responsibilities both in terms of diffusion of innovations and for sustaining competition in markets. New technologies should be promoted by governments at least until they achieve a critical mass. Managerial practises should consider the value of additional subscriber as they have potentials to attract more consumers. However, strong network effects may also distort competition by tipping the market to one network that leads "winner takes all", even with an inferior technology, and limit the potential market growth. Regulatory organizations should implement policy measures to prevent the abuse of market power.
Out of data results of exponential growth model also provide accurate predictions for the numbers of fixed line subscribers. This model predicts that there will be 16.06 million subscribers in 2010 and 15.33 million subscribers in 2011, which are very close to the observed actual numbers (16.20 million in 2010, and 15.20 million in 2011) for these years. However, we observe a divergence of observed and forecast values for mobile. We argue that important policy changes after 2007, such as number portability and interconnection rates have affected the mobile market, limiting the number of multihomers. In mobile markets, the number of subscribers decreased consecutively for three years in 2008, 2009 and 2010 , and started to increase in 2011. Out of data forecasts in such cases that involve a structural change fail to yield reliable predictions.
According to Turkish case, we see that there is no single model that can capture, and forecast the whole life cycle of a product. Different models may be superior depending on the life span of an innovation. Furthermore, competition and market structure have important effects in market growth. The rapid increase and unexpected decrease in the subscriber numbers in Turkish mobile markets after procompetitive reforms confirms this observation. Geroski (2000) argues that too much competition may slow down diffusion. Such a case was also observed in Greece, when the mobile market was transformed to oligopoly from duopoly as reported by Michalakelis et al. (2008) . However, the slowdown, even the contraction, may not result social welfare loses when the decrease is a result of elimination of multihomers in telecommunications. Doganoglu and Wright (2006) show that multihoming weakens comptetion as multihoming and compatibility are substitutes. They also find that multihoming imposes costs that firms do not internalize. Turkish case emphasize more on this argument and future studies on telecommunication markets should focus more on the effects of competition and multihoming on market growth. These arguments emphasize once more the importance of regulatory institutions to achieve welfare increases as a result of a "healthy" growth and diffusion of telecommunications.
